Top-down regulation is one of the major neural cores in drug-craving management and relapse prevention. The dynamic temporal behavior of top-down regulation between the dorso-lateral and ventro-medial prefrontal cortices (DLPFC and VMPFC) and amygdala during drug cueexposure has not been studied yet. Fifteen abstinent participants with heroin use disorder were scanned using drug cue-induced craving fMRI task. Using Dynamic Causal Modelling (DCM), the winning model showed a significant reciprocal connection between the VMPFC and DLPFC while there was a one-way effect of the VMPFC on the amygdala. There is also a top-down modulation by DLPFC on the VMPFC-Amygdala connection. Craving contrast input only modulated amygdala directly. Using sliding-window for temporal evaluation, craving input to amygdala increased over time, simultaneously, DLPFC top-down modulatory effect on VMPFC-amygdala connection decreased. Temporal changes in the network connectivity during cue exposure with enhancement in craving input to amygdala and reduction in top-down modulatory effects of DLPFC, could provide us with new insights towards the dynamic nature of the cue-reactivity and failure to control its motivational consequences. Dynamic response of top-down regulatory networks during cue exposure can be considered as a new potential biomarker in the future addiction fMRI studies.
Introduction
Cue-reactivity is a core phenomenon in the field of drug addiction and the extent of the patient's response to salient cues can be an index for addiction severity and treatment success [1] . Pathologic response to salient cues -which might be either appetitive (seeking positive feelings), aversive (avoiding negative feelings) or both [2] -is a crucial neurocognitive process in people with substance use disorders (SUDs) and it is in accord with craving management, emotion regulation [3, 4] and self-control [2] . In addition to SUD, pathologic reactivity to some specific salient cues is the main symptom of many other addictive-type behaviors, like gaming disorders, pathological gambling or over-eating [5] and several mental health disorders, like post-traumatic stress disorder, social anxiety disorder and specific phobias [3] . Specifically talking about drug addiction, studies have shown that increased reactivity to drug-related salient cues is an important factor in inducing subjects (both humans and animals) to be susceptible to consume the cued substance and even relapse to drug use [2, 6] .
The regions associated with emotion/motivation generation/regulation like the amygdala, striatum, thalamus, insula, and prefrontal cortex (PFC), are shown to have increased activity during cue-exposure in people with SUDs according to functional imaging studies [6] [7] [8] [9] .
Among the aforementioned regions, amygdala seems to be one of the determinant regions in cue-reactivity both in humans and animals [3, 4, 10] . As many studies have demonstrated, some of the main functions of the amygdala, regarding to salient cue-reactivity, are to generate, express, experience negative emotions [10] , and aid in the process of conditioning for learning the rewarding value of cues [11] .
Yet, amygdala doesn't seem to be functioning independently during cue-reactivity and there are some cortical regions hypothesized to regulate amygdalar activities in various brain networks [12, 13] . One of the prominent networks for cue-reactivity processing is the Fronto-Amygdalar Network (FAN) [4, 12] . The PFC is involved in emotion regulation and executive functions, especially inhibitory control processes [14] . Some neurocognitive models of addiction suggest that hypersensitivity to drug cues in brain reward regions -including the amygdalacauses these regions to uncouple more easily from regions involved in top-down regulation located in the PFC and therefore, leads to seeking for drugs [2] . Many studies both on human and non-human subjects showed that the ventro-medial PFC (VMPFC) and amygdala are functionally and anatomically connected [4, 15] . The region presumed to influence the interactions between the VMPFC and amygdala is the dorso-lateral PFC (DLPFC) which its activity and its effective connectivity with the VMPFC are associated with better self-control and choosing delayed rewards [16, 17] . Both fMRI and brain stimulation studies have also pointed to the activation and causal role of prefrontal areas, especially the DLPFC during attempts to self-control and reducing drug craving [18] . Thus, the network including the DLPFC, VMPFC, and amygdala is supposed to be an important part of cue processing with a pivotal role in a person's decision to exert cognitive control and successfully resist the temptation or to fail and seek drug use.
Although many studies showed the role of coupling between the PFC and amygdala in self-control, neuroimaging studies evaluating the temporal dimension of FAN connectivity are scarce in the field of addiction. According to the psychological background of the effect of temporality, Baumeister and his colleagues declared a "strength" model for self-regulation [19] .
Despite the controversies on this model among psychologists [20] , there are many studies consistent with the strength model, demonstrating that the more the subjects are doing inhibitory or memory tasks, the less likely they are in control for their food or drug craving afterwards [20] . From a neuroimaging perspective as well, persistent with time-variable changes, Wagner and his colleagues in their fMRI study, where participants tried to selfregulate after a hard cognitive task, showed attenuated amygdalar activity, implying a probable underlying mechanism for resource depletion in accordance with the strength model [4] .
The aim of our fMRI study was to assess the effective connectivity between the amygdala, VMPFC, and DLPFC within the FAN during drug cue-exposure and its temporal dynamism. We implemented Dynamic Causal Modeling (DCM) analysis combined with fMRI data to study the effective connectivity in FAN. By using sliding temporal windows, we also evaluated the effect of time on FAN connectivity. To the best of our knowledge, this is the first study focused on the effective connectivity and temporal changes in FAN during cue-exposure among people with SUDs.
Methods

Participants
This study was approved by the "independent ethical committee" of Tehran University of Medical Sciences. Eighteen right-handed (the right-handedness was assessed using the Edinburgh Inventory [21] ) male subjects with heroin use disorder were recruited for this study.
They all have been successfully abstinent after an extended detoxification program. Subjects were all crystalline-heroin smokers before their treatment initiation in a program affiliated to a non-governmental not-for-profit organization named "Congress 60", Tehran, Iran. They also met heroin use disorder criteria for at least 6 months before their treatment, based on the Diagnostic and Statistical Manual of Mental Disorders (DSM V). All subjects had negative results in urine tests for opiates, stimulants, and benzodiazepines for at least 30 days before the day of scanning. In the scanning day, Tobacco smoking was not restricted. We excluded subjects with any history of head trauma, major medical or psychiatric disorders (other than heroin use disorder with or without other SUDs), and visual field deficiency. We also excluded 3 subjects' data; 1 for structural image problem (the MPRAGE image was damaged), and 2 for excessive motion in EPI images. The age range of the remaining 15 subjects was 20-35 years with a mean of 29. The detailed participant specifications can be found in Table 1 . All subjects were provided with written informed consents to participate in this study. Table 1 Here
Please Insert
FMRI task
The task was a visual block design with 24 heroin-related images and 24 neutral images; the drug images were selected from a previously validated database for people with heroin use disorder [22] and 24 neutral stimuli that were selected from International Affective Picture System [23] and matched on the basis of the object category class and visual features. There were 6 runs in the task; each run consisted of four blocks in a fixed order: 24s rest (a fixation cross was shown), 24s neutral (4 neutral images were shown, each for 6s), 24s rest, and 24s craving (4 heroin-related images were shown, each for 6s). The task length was about 10 minutes. We have introduced this fMRI task in our previous publications [9] . The task was projected on a white screen in front of the scanner and viewed by a mirror system mounted on the head coil. The details of the task are depicted in Figure 1 .
Please insert Figure 1 Here
Data acquisition
Functional and Structural images were acquired using Avento 1.5T scanner; Siemens, Germany. T1-weighted images had the following properties: MPRAGE, TE= 3.55ms, TR= 1910, voxel size = 1 × 1 × 1mm 3 , and flip angle = 30 degrees. T2*-weighted images had the following properties: TR= 3000, TE= 50ms, matrix size = 64 × 64, voxel size = 3 × 3 × 3 mm 3 , and flip angle 90 degrees.
Data analysis
Preprocessing
The software package FSL5 (FMRIB's Software Library, www.fmrib.ox.ac.uk/fsl) [24] was used as a preprocessing tool for removing any unwanted parts of the data. The motion correction was done using the MCFLIRT [25] tool with 6 degrees of freedom, next the slice timing correction was done with interleaved order, then a Gaussian kernel with full width at half maximum (FWHM) equal to 5mm was used to smooth the data. Using the FLIRT tool [25] , the echo planar images first were registered to the structural image with 12 degrees of freedom and then the affine transformation was used to register them to the MNI space. High-pass filtering was done using a filter with the cut-off frequency equal to the inverse of 96 seconds; this is the length of one block. All EPI images were intensity normalized, so the group analysis could be done in the next steps.
Activation analysis
Three ROIs were selected according to the a priori hypothesis of the study; the VMPFC, DLPFC, and amygdala. We used masks for each region, which were all in MNI space and to register the mask to each subject's images, the transformation matrices, derived from the registration step of preprocessing, were used. Using this method, each subjects' data had their own specific masks.
The FEAT tool [26] from the FMRIB's package was used to model the data and find the activations in the brain. Canonical hemodynamic response with its derivative was used to model the regressors for two conditions of interest; craving and neutral. Next, an ROI based analysis was carried out using the FLAME2 [27] tool of the FSL5 package, as the group level analysis for the contrast "craving > neutral".
Time-series extraction
The eigen-variate tool of SPM12 (Statistical Parametric Mapping; Wellcome Department of Cognitive Neurology, London, UK, https://www.fil.ion.ucl.ac.uk/spm/) was used for extracting each region's time-series. Three masks, one for each region, were defined in MNI space. For each subject, the transformation matrix between the MNI space and EPI space was used to map the mask to each subject's own functional space. This method gave us the best registration result but it was depending on the masks' initial definition. To get the best results we checked the accuracy of the initial masks with an expert anatomist. We did not threshold the voxels included in each region for any contrasts; so all voxels in the regions had their effects on the final extracted time-series. Using limited voxels may result in stronger connections in the final effective connectivity network, but we preferred to use the raw time-series and omitted the possibility of imposing any unwanted bias on the results.
Effective connectivity
DCM was used for quantifying effective connectivity network. DCM needs some steps to reach an acceptable network. The first step of DCM is defining a model space which has the following properties: first, it cannot have all possible models because the process of estimation will take too long; second, its space must include all possible models which are meaningful from a neuroscience perspective; and third, its model space may include some other new models for testing new hypothesis [28] . We included 16 models in our model space. In our a priori hypothesis we were interested in the modulatory effect of the DLPFC on the link from the VMPFC to the amygdala, so we included models with and without this effect. We used DCM12 tool integrated in SPM12 to specify the model space and then estimate all models for each subject.
Bayesian Model Selection (BMS) is a part of DCM algorithm which compares estimated models and checks complication and fitness of the models both at the same time. The BMS algorithm output is the exceedance probability of the models. We first implemented BMS on single models, without considering our hypothesis and then -using family partitioning-we tested our hypothesis for the DLPFC effect. Models with this effect built one of the families and other models built the other ones. Bayesian Model Averaging was used on the winning family of the previous step to reach the final effective connectivity network.
Time variability analysis
The nature of brain effective connectivity networks are time variable and this has been proved in many neuroimaging modalities [29] [30] [31] . We have used DCM for fMRI data to reach the effective connectivity network. DCM is based on dynamic changes, but the final concluding networks of DCM algorithm do not quantify dynamic changes during the time. To show the time variability, we have used a sliding window on the data. The window size was as long as two runs (192 seconds) and the step size for moving the window was chosen to be one run (96 seconds) ended up to extract 5 time-series. Using these extracted time series, we had five independent DCMs to estimate connectivities for each subject's whole time series. This is depicted in Figure 1 . We considered each DCM as a time point; thus, the changes between those networks were assumed to be the changes during the time. In this step, we did not include the model space and only re-estimated the parameters of the winning network, which had been quantified in the classic DCM step.
Results
ROI based activation analysis
The contrast of interest in this study was the difference of the activation patterns when the subjects were shown the craving-inducing pictures versus the neutral pictures (Craving > Neutral). The activation map of this contrast is depicted in Figure 2 for ROI analysis while Table   2 contains the results for whole brain analysis. The ROI analysis results were corrected voxelwise and the whole brain analysis results were corrected cluster-wise with Family Wise Error Rate (FWER) method (p-value <0.05).
Please Insert Figure 2 Here
Please Insert Table 2 Here
Time-invariant DCM
We first implemented Bayesian Model Selection (BMS) on the estimated models without any family partitioning. One model was removed from the model space due to its low BMS probability result. Next, as mentioned before, we divided the model space into two families (with/without the DLPFC effect on the VMPFC and amygdala link) and implemented BMS on these families. The results showed the dominance of models with the effect of the DLPFC on the link from the VMPFC to the amygdala as depicted in Figure 3 .
Please Insert Figure 3 Here
Bayesian Model Averaging (BMA) was implemented on the winning family of the previous step and the result was a DCM network as is depicted in Figure 4 (top panel). All three regions were connected to each other but the connection between the VMPFC and amygdala was not reciprocal and was only from the VMPFC to the amygdala. Self-inhibitory effects were seen in all regions and the craving contrast input had a significant effect only on the amygdala.
Our hypothesis about the DLPFC effect was proved and the link's strength was significant.
Time-variant DCM
The concluded network of the previous step was used in the next step. Using a 192s sliding window, moving for 96s in each step, we extracted five fMRI time series. Five different DCM networks with the same structure were re-estimated, accordingly. Parameters of this network subjects are being exposed to drug cues, craving input to the amygdala increases over time.
Furthermore, the more the subjects are exposed to the drug cues, the more attenuation is seen on the top-down modulatory effect of the DLPFC on the VMPFC-amygdala connection.
ROI activations:
By analyzing the fMRI data, participants showed increased amygdalar activity when they were exposed to drug cues compared to neutral pictures. In line with other studies, it is deduced that there is a relation between the higher desire for drug use and higher amygdalar activation [6, 7] . The higher activation of DLPFC when watching drug cues compared to controls is also supported by the controlling role of DLPFC on regulating the emotions [32] given that drug craving is also a highly emotional process. Augmented activation of VMPFC when watching the salient cue can be due to being involved in the process of reward valuing [33] .
Static (Classic) FAN:
In line with the results of the current study regarding the effective connectivity between the VMPFC, DLPFC and amygdala, DCM analysis in PTSD patients has shown a dominant connectivity from the amygdala to VMPFC [34] and also a reciprocal connectivity between the amygdala and DLPFC [35] . Modulating effect of the DLPFC on the VMPFC-amygdala connection was also observed in our study. This result was consistent with the significant role of the DLPFC in regulating the amygdalar activity during craving through its interaction with the VMPFC [16, 17] 
Time-Variant FAN:
According to our time-variant results, the more the subjects were exposed to the drug cues, the more decrease in the effect of DLPFC on the link between the VMPFC and amygdala was detected. Meanwhile, the strength of craving input to the amygdala increased over time. Given the decrease of the top-down regulation, and on the other hand increase of the bottom-top regulation, we can speculate that both contribute to bringing about an exaggerated response to salient drug cues with lack of control and increased drug craving over time during cue exposure.
One group of networks which overlaps with FAN in both anatomy and functions is the triple network model between Default Mode Network (DMN), Salient Network (SN), and
Executive Control Network (ECN). The most prominent components of DMN and ECN are the medial PFC and lateral PFC respectively. DMN is responsible for interoception and self-oriented processes such as thinking about drugs [36] . ECN serves executive functions and causes goal-directed cognition [36] and its hypo-activity and dominance of DMN on it, can lead to relapse to drug use [37] . As some addiction theories suggest, addiction could be one of the sequelae of the deficit in executive function and cognitive control of SUD patients [38] . SN identifies which network fits best to the current condition and shifts dominancy to that network; the main regions suggested to take part in SN is the insula and amygdala [39] [40] [41] . It is reported that increased connectivity between SN to ECN can reduce withdrawal symptoms [42] . The imbalance between these networks also results in many behavioral and cognitive problems in both healthy subjects and people with SUDs [43] . As Li et al. demonstrated more vulnerability to relapse for subjects who their DMN is more active than ECN [44] . In accord with the results of our current study, we have previously shown in our study that higher levels of craving for drug use are associated with dynamic transition of functional connectivity between DMN-ECN to higher functional connectivity between SN-DMN [45] . The results of our current study also somehow can show the same results as the effects of the DLPFC (part of the ECN) on the connection between the VMPFC and amygdala attenuates which results in the dominance of SN-DMN.
By reviewing major psychological theories considering the limitation of self-control [20] , these models have a core in common and that is "time-variability" of self-control. According to the "strength" model advanced by Baumeister and his colleagues, temporal processing limit would be demonstrated when engaging in a self-control task depletes the person's resources of self-control [19] . Another major theory, called "process" model, advanced by Inzlicht et al., explains self-control as the salience of motivation to extrinsic rewards ("have to" task) and intrinsic rewards ("want to" task). When the salient motivation shifts from "have to" task to "want to" task, the person tends to quit the exploiting task and seek leisure [20] . The neuroscientific explanation provided by these models regarding the results of the present study can be that the increase in craving inputs to the amygdala (bottom-top augmentation) and decrease in the effect of the DLPFC on the VMPFC -amygdalar connection (top-down attenuation) that might be inferred either depletion, in the opinion of the strength model, or a shift in motivation, in the opinion of the process model.
Potentials for dynamic measures of cue reactivity to be validated as biomarkers
Neural activation patterns in patients with SUDs could provide us with insight into the severity of the disorder and other behavioral problems associated with it [46] . These findings could be biomarkers for the progression of the disease, treatment effectiveness and relapse prediction as validated by fMRI studies [47] . For instance, Janes et al. assessed activation of response to smoking-related cues in abstinent Tobacco smokers and demonstrated that the higher activation in the insula and PFC (including DLPFC) was associated with greater probability of relapse [48] . Also, another study showed that smokers who have more active lateral PFC during simple inhibition tasks show less cigarette craving in real life [49] . To conclude, we assume that the more the effect of DLPFC on the connection between the VMPFC-amygdala during cueexposure remains, the more successful the subject in controlling the craving would be. The supporting notion for this idea is the study done by Janes et al. showing that people who failed to quit smoking had less functional connectivity between the amygdala and DLPFC at their prequit state [48] . As It is suggested, although the DLPFC activation could stay the same or even increase, the underlying reason for relapse could be the decrease in the effect of the DLPFC on the amygdala. There are still very few published brain imaging studies using predictive modeling to validate biomarkers for addiction medicine, however, all of them are using static markers. Future studies can see if there is a prediction power for the dynamic markers like the exponential slope of the attenuation in the effect of DLPFC on the VMPFC-amygdala connection in the individual level to explain variability in treatment outcome.
Limitations:
Our fMRI task could potentially provide a better platform for exploring the temporal behavior of different networks during cue reactivity if it was longer and had more runs. The positive benefit of adding more runs to the task can be explored in the future. Furthermore, the small sample size limited our study to an initial exploration. Further studies with more subjects are needed to replicate these results. Our subjects have been abstinent for more than one year on average. Many studies have shown that different stages of abstinence can affect brain activations in response to drug cues [9, 50] . Also, among the other important factors are the effect of age and sex which explain some inconsistencies among the results in different studies [51] , therefore, we should be careful in extending our results to other populations [52] .
Exploring these results in subjects in other stages of substance use and recovery can provide a better picture of this phenomenon.
Conclusion:
Most of the studies in the field of cue-reactivity are concerned with static brain activities, but this study for the first time addressed the time-variability of cue-reactivity in the FAN. Using network analysis by time-variant DCM, we report a gradual decrease in the DLPFC top-down regulation over VMPFC-amygdala connection and also a gradual increase in the craving input to amygdala as the exposure to salient drug cues lasts longer. These results help shed light on the dynamic nature of the cue reactivity and could give us a new intuition of how failure to control drug craving can happen in the brain. Future studies are required to investigate these results for different kinds of drugs, different brain networks and also different stages of recovery. Figure 1 : The schematic of the fMRI task and the Sliding Window DCM. As it is shown in the topright of the figure, each run of the task included two rest blocks in which a cross was shown to the subject, a Neutral block in which four neutral images were shown to the subject each for 6 seconds, and a craving block in which four heroin images were shown to the subjects with the same duration as neutral images. Each block was 24 seconds, so the length of each run was 96 seconds. The task had six runs and the total duration was 576 seconds. As it is shown in the top left of the figure the window size was as long as two runs or 192 seconds and it was moved 96 seconds in each step. The time-series of each five resulted parts was extracted and was used for estimating the related effective connectivity model (DCM). 
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